Abstract. 
Introduction
As temperatures rise in response to increasing greenhouse gas concentrations, the global 18 water cycle is expected to intensify [Allen and Ingram, 2002; Trenberth et al., 2003] . This 19 should lead to increasing atmospheric water vapor and moisture transport, from water 20 exporting to importing regions, enhancing existing patterns of precipitation (P) minus 21 evaporation (E) [Held and Soden, 2006; Seager and Naik , 2012] . Due to energy budget 22 constraints in the atmosphere, the precipitation response in models is 2-3% K −1 [Held 23 and Soden, 2006; Stephens and Ellis, 2008] , less than the increase in the water vapour 24 concentrations of ∼7% K −1 near to the surface [Santer et al., 2007; Willett et al., 2010] .
25
The pattern of wet regions becoming wetter and dry regions becoming drier is seen in 26 multiple satellite based datasets of precipitation [Liu et al., 2012; Chou et al., 2013] , in 27 studies of atmospheric moisture transport using reanalysis data [Zahn and Allan, 2011] , 28 modeling studies of past and projected changes [Sun et al., 2007; Seager and Naik , 2012; 29 Lau et al., 2013; Liu and Allan, 2013] and changes suggested by ocean salinities [Durack 30 et al., 2012] . It is also consistent with a wider frequency distribution of precipitation
31
[ Lintner et al., 2012; Giorgi et al., 2011; Biasutti , 2013] .
32
Changes in zonally averaged land precipitation since the 1950s have been partly at-33 tributed to anthropogenic forcing [Zhang et al., 2007; Polson et al., 2013] also analyze the expected change for 2011-2033, based on the rcp4.5 scenario (Table S1 ).
67
Data are aggregated to a 5
• x5
• grid and gridboxes split into land and ocean using the 68 model land fraction data with a cutoff of 50%. 
Analysis of changes in Wet and Dry Regions
Data were divided into zonal bands from 60 region for season i and year t where x is dry or wet. gridboxes are sorted from lowest to highest precipitation so that
where P n is the precipitation in gridbox n andP dry (i , 
here n ∈ [1 , n P33 ] are all gridboxes where
are all gridboxes where P n (i , t) ≥ P 66 (i ).Ṗ x (i ) is then calculated as in method 1.
96
The same methods are applied to individual simulations to calculateṖ x (i ) in each, 
Detection and Attribution
Total least squares regression [Allen and Stott, 2003 ] determines the magnitude of the 102 fingerprint, F, of the response to external forcing, in the observations y.
where y is rank-l vector and F is a l x p matrix for p external climate forcings. β 
Results
The location and size of the GPCP dry and wet regions do not change much from year 
165
The zonal mean changes for the GPCP data are dominated by changes over the ocean 166 which are thought to be less reliable than changes over land (e.g. Liu et al. [2012] ).
167
While the pattern of wet regions becoming wetter holds over both land and ocean, drying 168 in the dry regions is less consistent over land. There is evidence that land and ocean 169 precipitation are anti-correlated [Liu et al., 2012] , however, on short timescale, this is due 170 to the influence of ENSO, hence we lose much of this anti-correlation here.
171
Detection and attribution analysis shows all external forcings and greenhouse forcing are 
175
If the wet and dry signals are combined, greenhouse gas forcing can be detected sep-
176
arately to natural forcing. The precipitation response to volcanic eruptions in the dry 177 regions is small compared to the greenhouse gas signal, which may explain why the green-178 house gas signal is detectable in the dry regions while the natural signal is not in the 179 1-signal analysis. Our analysis did not include aerosol changes explicitly as not enough 180 runs were available to characterize changes with reasonable signal-to-noise ratio.
181
Our results are subject to uncertainty in trends derived from satellite data and the becoming drier that appears to be at least in part due to greenhouse gas forcing. This 
